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Abstract
In Belgium, river floods are among the most frequent natural disasters and they may have important conse-
quences on travel demand. In order to better understand how the travel patterns vary, we propose to set up a
large scale scenario based on MATSim for guarantying an accurate assessment of the impact of river floods
on the transportation system. As inputs, the current agent-based model requires a base year population. A
synthetic population with respective set of attributes is generated as a key input. Afterwards, agents are
assigned activity chains through an activity-based generation process. Finally, the synthetic population and
the transportation network are integrated into MATSim. Regarding data, households travel surveys, OD
matrix of Belgium have been used to set up the demand. For simulating river floods effects, a steady-state
inundation map has been integrated within MATSim. In the current study, five scenarios have been tested
where critical links are associated various levels of service, i.e. 10%, 25%, 50%, 75% and 100% (base case
scenario). They are systematically compared to the standard scenario to estimate the deviations in terms
of traffic patterns and travel times. The results suggest that compared to the standard scenario, the aver-
age trip travel time increased by 16.36%, 44.44%, 126.77% and 144.44% with respect to scenarios 75%,
50%, 25% and 10% respectively. Also, the traffic flows have been re-distributed more uniformly accross
the transportation network. Roads with important traffic volumes are subjected to a decrease of activity
on the contrary of roads with low traffic volumes. A very few studies have focused on how river floods
affect transportation systems, this paper provided new insights in term of methodology and traffic patterns
analysis under disruptions.
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1. Introduction1
The assessment of the impact of river floods on the transportation system with an emphasis on the travel2
demand, is of great importance in the Meuse river basin (Belgium) for mitigating future flood risk. Ac-3
cording to Saadi et al. (In press), flood risk is expected to increase in the coming decades along with higher4
intensities and flood damages. Furthermore, Saadi et al. (In press) have demonstrated that the changes in5
land-use patterns at catchment scale also influence the overall river flood risk. In this context, the trans-6
portation sector is also an amplifying vector of future flood risk in the Meuse river basin. According to7
the predictions operated by Statistic Belgium, the population is expected to increase by 17% between 20138
and 2060. As a result of the population growth and the increase in travel demand, the traffic flows will9
inevitably increase in the future.10
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Modeling the decision-making process of individuals under natural disasters, e.g. floodings, earth-11
quakes, hurricanes, is of great importance for policy recommendations and for developing efficient preven-12
tion strategies. In this regard, a large part of the literature is dedicated to network vulnerability. Accessibility13
indicators are generally used to characterize the performances of road networks after disruptions or road14
segments failures. Also, to a lesser extent, impacts of natural disaster on travel demand have been inves-15
tigated. The key idea is to anticipate the potential decision-making reactions that individuals can adopt16
under extreme natural events. Pregnolato et al. (2016) developed an integrated framework for assessing17
disruptions occurring in transportation systems under flood events. High-resolution flood models have been18
merged with transport models in order to determine the resilience values of different adaptations. In doing19
so, the most critical zones of the network can be quickly identified and prioritized in the context of flood20
risk management (Pregnolato et al., 2016). Limited available financial resources can be optimally allocated21
to the most critical infrastructure zones.22
In order to enable policy sensitive effects within the modeling framework, we opt, in the current study,23
for an agent-based micro-simulation approach. In doing so, the complex underlying interactions in the24
travel behavior of the travelers can be captured. In the literature, various studies based on the agent-based25
paradigm have been proposed to investigate, e.g. the emissions of air pollutant (Hülsmann et al., 2014)26
using a fully integrated approach or the behavior of individuals in the context of a large scale evacuation27
scenario (Lämmel et al., 2010).28
In the literature, a significant part of the research has been dedicated to the study of disruption effects29
on the transportation networks, i.e. road network vulnerability, due to extreme events. In this regard, Chen30
et al. (2015) developed a methodological framework to represent the accessibility under flooding disasters.31
The accessibility-based indexes have been estimated for different extreme flooding scenarios including a32
systematic implementation of the shortest travel times.33
Similarly, Du et al. (2015) have investigated the vulnerability of transportation networks under seismic34
disasters for logistics. In addition to vulnerability assessment of the road segments, they have also included35
the probability of occurrence of the degradations.36
Erath et al. (2009) proposed a methodology that integrates transportation vulnerability to natural haz-37
ards. The feature has been incorporated into the infrastructure management systems of the Swiss road38
network. The model aims at estimating the impact caused by the failure of road segments on the distribu-39
tion of congestion within the entire road network. In their study, four demand shifts have been introduced:40
shifts in mode choice, destination choice, detours and activity-travel suppression. The results revealed that41
the "detours" are, by far, the most significant demand reaction towards potential disruption.42
Besides, lots of studies have been dedicated to evacuation modeling using different approaches. Based43
on the network fundamental diagram (NFD), Zockaie et al. (2014) studied the urban network traffic flow44
under demand uncertainty and capacity constraints for large scale evacuation. In contrast, Yin et al. (2014)45
opted for an agent-based modeling approach to simulate households behavior in the context of hurricane46
evacuation. In their study, econometric and statistical models have been merged to better capture the under-47
lying decision-making process of individuals during the evacuation.48
Based on the framework of Saadi et al. (2014), MATSim has been used for modeling the mobility of49
the travelers through the transportation network taking into account traffic congestion. MATSim has widely50
been used in different fields, and often integrated within other sub-modules to merge external phenomenon51
and examine the effects on the travel demand and the related traffic flows. MATSim can estimate, in details,52
time dependent traffic flows for each road segment of the network. Regarding its algorithmic structure, the53
MATSim framework includes a feedback loop, i.e. re-planning, such that every single traveler is capable of54
optimizing its daily activity-travel patterns based on a scoring function calibrated according to Charypar &55
Nagel (2005).56
The agent-based micro-simulation approach is particularly interesting to assess the changes in traffic57
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flows of the road segments which are directly situated in the vulnerable areas. In addition, the driver’s58
dynamics can be captured more efficiently for each vehicle as well as rerouting.59
The main contribution of this paper is the calibration of MATSim in the context of natural hazards, i.e.60
river floods. To our knowledge, no studies really investigated the effects induced by river floods in urban61
areas. We will show that it is important to use highly disaggregate data to capture as much as possible the62
changes in travel behavior of the agents subjected to flood risk.63
Furthermore, a key challenge is also to maintain a highly spatial resolution when it comes to integrate64
the agent-based micro-simulation with a detailed river flood map. In this regard, the scenario is based on the65
results of a steady-state river flood map derived from (Beckers et al., 2013) to identify which road segments66
are subjected to capacity mitigation.67
An accurate analysis of the aspects that may influence the intensity of eventual flood risk in the future is68
absolutely necessary. In this context, the integrated agent-based micro-simulation model can be an efficient69
tool for urban and transport planners to prevent urban areas from eventual direct or higher order damages70
due to river floods. For example, such detailed models are particularly suitable to establish some policy71
recommendations in terms of extension of the transportation network, reorganization of the traffic flows72
within the vulnerable areas (catchment scale), land-use change, identification of the bottlenecks, etc.73
2. Data74
In the current study, four data sources are used for calibrating the agent-based model. (1) A detailed75
dataset describing the socio-demographics of 15,822 individuals is extracted from the Belgian National76
Household Travel Survey of 2010 (BELDAM). As described in Section 3.2, this dataset will be used to77
generate a synthetic population. Then, (2) a dataset including a list of 37,680 trips performed by the78
individuals is also extracted from the BELDAM survey. Each single trip is characterized by information79
related to departure times, locations, trip purpose and trip mode. Also, (3) a partial work-school O-D matrix80
corresponding to Liège area has been derived from the full O-D matrix of Belgium. The latter one will be81
used to draw work-school locations at the municipality level as it is the finest available level of aggregation82
allowed by the data. In addition, the work-school OD matrix is more stable and reliable as it comes directly83
from the Census. An additional OD matrix has been extracted from the trip dataset of BELDAM to draw the84
rest of the activity locations. Finally, (4) an inundation map in the form of a shape-file is used for modeling85
river floods that can potentially occur along the river Meuse according to Beckers et al. (2013).86
3. Modeling approach87
3.1. Problem statement88
Flood risk management within the European context is of great importance as flood hazard is expected89
to increase in several countries due to climate change. In addition to climate change, land-use change is90
also supposed to influence future flood risk. In Belgium, the Meuse is a 905 km long river that crosses three91
different European countries (France, Belgium and the Netherlands). A 185 km segment out of 905 of the92
river Meuse is located in Belgium (Beckers et al., 2013). As presented in Figure 1, the impact assessment93
of river floods on travel demand is conducted for the Meuse river basin which crosses the Walloon region.94
In the current study, we will mainly focus on the city of Liège as it includes the most important human95
activity.96
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Figure 1: Inundation extent in Liège Area
3.2. Population97
Population synthesis is performed by using a Hidden Markov Model (HMM)-based approach as pre-98
sented in Saadi et al. (2016b). A set of four attributes (age, residential location, socio-professional status99
and gender) has been selected from the BELDAM survey to obtain a micro-sample. As the sample size of100
that survey is lower than 1%, the HMM-based approach is more suitable than IPF, as highlighted in Saadi101
et al. (2016b). Indeed, the micro-sample, may not cover all the combination of attributes. Thus, the HMM is102
capable of incorporating more heterogeneity into the micro-sample such that new combination of attributes103
are present within the synthetic population (Saadi et al., 2016b).104
To ensure that the HMM has been calibrated correctly, two independent datasets, i.e. training and test105
datasets, have been generated from the original one. Comparing the simulated population synthesis with106
the observed one is of great importance to ensure that the transition and emission probabilities have been107
optimally determined. In this regard, Figure 2 presents the fit between the simulated and observed marginal108
distributions with respect to each attribute. One could depict from that figure that the matching is quite109
accurate. Minor deviations can be attributed to randomness involved within the HMM. In addition to the110
marginal distributions, Figure 3 presents the fit between the simulated and observed joint distributions.111
Indeed, to ensure that the transition distributions have been estimated properly, the attributes are jointly112
compared to those of the validation dataset. The results reveal that the R-squares are higher than 90%113
for each single fit. Also, all the slopes are close to 1 except for the full attributes fit which presents a114
slope of 0.87. Based on the fitted distributions presented in Figures 2 and 3, one can conclude that the115
current population synthesis of four attributes has been performed correctly. A brief description of the116
socio-professional categories is provided in Table A.2.117
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Figure 2: Fit between the simulated and observed marginal distributions


















































































Figure 3: Fit between the simulated and observed joint distributions
3.3. Activity-travel patterns assignment118
Based on the socio-demographics, each individual has been assigned activity-travel patterns, i.e. suc-119
cession of activities and trips (Saadi et al., 2016a). In this way, the built travel demand reached a set of120
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15,000 individuals including detailed information about activity locations (at municipality level) and activ-121
ity end times. The sample represents 4.5% of the population that effectively perform trips during a typical122
weekday.123
With respect to the activity locations, the residential locations that have been previously synthesized124
are used to generate the rest of the activity locations. As outlined by Cools et al. (2010), OD matrices125
derived from activity-travel surveys do not present enough accuracy. Ideally, an OD matrix from a census126
is the best option. Therefore, based on the full independent work-school OD matrix of Belgium, an OD127
matrix describing the trip patterns of Liège area has been extracted. Thus, when home, work or school128
trip purposes are detected in the trip file of BELDAM, non-home activity locations are drawn from the129
distributions associated to that full OD matrix. However, for other trip purposes, the only way is to use the130
OD matrix derived from BELDAM. However, since home, work and school trip purposes form the most131
important proportion of the whole number of trips, the "bias" in the OD matrix extracted from the travel132
survey is quite limited. Besides, the in-coming and out-going flows have been ignored in the current study.133
In doing so, one can study the impact with an emphasis on the critical portion of the travel demand.134
In 2015, the population of Liège accounts for exactly 1,094,791 individuals. The real population size is135
never incorporated as input in MATSim, otherwise the computer run-time would be too high, but samples.136
In thus study, 4.5% of the individuals who are effectively traveling is considered. Thus, 15,000 agents have137
been generated from the HMM for creating the synthetic baseline population. As a result, the scaling pa-138
rameters have been set up to 0.045 such that MATSim is capable of re-scaling traffic flows as it is simulating139
traffic for 100% conditions.140
Also, to preserve a sufficient daily activity-travel patterns characterization level, we assume that popu-141
lation of Liège has the same travel patterns than whole Belgium. This assumption is necessary to use all the142
dataset dedicated to trips.143
3.4. Network and flooding scenario144
The transportation network is derived from the OpenStreetMap online platform. After cleaning and145
adapting the network to the format adapted to MATSim, two key inputs, i.e. population and network,146
have been integrated into the modeling framework for performing the simulations. In particular, each road147
segment is represented by a link characterized by three main parameters: (1) the free flow speed, (2) the148
length and (3) the capacity. In MATSim, the routing module determines the shortest path based on the link149
travel times. In this context, the router module can find the path from one node to another on the basis of150
a weighted graph. Regarding the model settings, the scaling parameters have been adapted to a scenario151
for a sampled population of 4.5%. In order to converge towards the best solution, results are estimated for152
iterations between 100 and 250. Figure 4 presents the adopted approach for updating the link capacities of153
the transportation network based on the considered scenario. The flowchart shows that various file formats154
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Figure 4: Network updating
3.5. MATSim157
In the current section, we present the main features of MATSim as well as the key parameters associated158
with the various modules, i.e. qsim, strategy, controller. The simulations performed in the current study159
are based on an agent-based framework (Horni et al., 2016). Daily life of individuals is simulated as well160
as their underlying interactions. Indeed, each single individual derived from the synthetic population is161
assigned a combination of trips and activities with detailed activity locations, expected activity end times162
or travel times and activity type. As MATSim consists of an evolutionary process, then to converge towards163
a stable solution with the best overall scoring, information about activity times can be reasonably modified.164
MATSim is capable of taking into account traffic congestion to enable more realistic scenarios. The initial165
inputs that need to be provided are the demand and the network. At the end of the micro-simulation166
procedure, traffic flows associated to each single road segment of the network is estimated.167
With respect to the choice set generation, a specified portion of agents can modify their daily plans168
to incorporate additional daily plans in each iteration. In this way, instead of a single initial plan, each169
agent will generate other combinations of activity-travel patterns, i.e. plans, in order to select the best one170
among a choice set. Also, each agent keeps in memory the predefined number of daily plans to enable more171
options. Generally, daily plans with best scores are selected; however, lower-score plans are allowed to be172
re-selected. The addition of new plans is generally associated to strategy options. In order to explore other173
solutions, agents are allowed to change the routes according to a probability of execution of 10% in each174
iteration. This is a route choice option that can be included within the strategy module of MATSim. Indeed,175
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including a strategy is interesting for achieving a faster convergence and a better stability.176
At this step, each single agent has built a set of plans from which a selection can be made based on a177




(Uact,i + Utravel,i) (1)
where m designates the number of activities. Uplan is the utility/score of a single plan. Uact,i is the179
utility of performing activity i, generally it is positive. However, traveling, represented by Utravel,i, gener-180
ates a negative utility such that the score is decreased. The probability of selecting a plan is given by Pi =181
exp(µUplan) where µ controls the weight given to higher scores (µ=1). In particular, the utility of an activity182
i is defined by Uact,i = Udur,i+Uwait,i+Ulate−ar,i+Uearly−dep,i+Ushort−dur,i where Udur,i is the core com-183
ponent of the utility of performing an activity. Udur,i is defined as follows Udur,i = βperf,i.ttyp,i. ln(tperf,i). It184
can be noticed that typical ttyp,i and performed tperf,i durations are involved in the formulation. Also, βperf,i185
is the marginal utility of activity i at the typical duration. Typical durations are estimated from distributions186
derived from surveys. Uwait,i is the negative utility of waiting the beginning of an activity i, Ulate−ar,i is the187
negative utility of arriving an activity i after its supposed beginning time, Uearly−dep,i is the negative utility188
of leaving an activity i before its supposed end time and Ushort−dur,i is the negative utility for performing189
an activity i shorter than its supposed reasonable duration.190
The traffic simulation is based on QSim (Horni et al., 2016). QSim uses a queue-based strategy where191
vehicles are waiting in a queue before reaching the next link. In this way, QSim is capable of capturing192
the underlying traffic dynamics. According to Balac et al. (2017), the QSim approach provides better193
computational performances especially for large-scale scenarios. However, lane change behaviors and car194
following interactions are not optimally modeled with QSim although it is the most commonly used module195
(Balac et al., 2017).196
4. Application197
In the current study, we have considered five different scenarios, i.e. β=10%, 25%, 50%, 75% and 100%198
(standard scenario), where β is the level of service of the critical links. A β-value of 100% corresponds to199
road segments that are fully operational, whereas lower β-values imply that the links are partially or fully200
inundated with specific water depths. However, the water depths are not explicitly modeled in this study, as201
such data is not available. Thus, we suppose that β only describes the difficulty of traveling on a particular202
road segment of the network. Thus lower β-values indicate lower capacities for the critical roads. Note that203
the β-parameter is only dedicated to the network (supply) and is not considered in the generation of the204
travel demand.205
To converge towards the steady-state solution, at least 100 iterations are necessary for each scenario.206
For the extreme scenarios, additional iterations are necessary to reach an optimal solution. Indeed, as207
the critical road segments have low capacities, the mobility simulator of MATSim need more iterations to208
enable people optimizing their daily plans by considering new activity-travel combinations.209
As the sampling size of the population is 4.5%, the following parameters, i.e. countsScaleFactor, flow-210
CapacityFactor, storageCapacityFactor, have been set up for scaling up the traffic counts by 22.15 and211
scaling down the link capacities by 0.045. The lanes are also used by the mobility simulator to enable more212
realism.213
Figure 5 presents the temporal-based comparison between the number of en-route vehicles curves ac-214
cording to the different scenarios. Note that in MATSim, a full day is defined from 00:00 AM of day d until215
06:00 AM of day d+1. As expected, the results reveal that the traffic congestion globally increases with216
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floods intensity. Because of the propagation of floods and the mitigation of accessibility, the vehicles need217
more time to travel before reaching their final destinations. They either lose time due to increased conges-218
tion or they travel larger distances (re-routing). We can also observe that the amount of vehicles which does219
not succeed in performing their daily plans increased significantly under the 25% and 10% scenarios. One220
could depict from Figure 5 that some people could not fully perform their daily plans within the allowed221
period of time: the number of vehicles which are still "en-route" at 30:00:00, the maximum time-slot al-222
lowed by the mobility simulator, according to the 75%, 50%, 25% and 10% scenarios are respectively 355,223
949, 3250 and 7337. As the results are associated to a sample of 4.5%, scaling-up the values is necessary.224
Thus, we obtain around 7,863, 21,020, 71,988 and 162,515 vehicles. The later observations are directly re-225
lated to the results highlighted in Figure 7, where the number of trip arrivals present more temporal spread.226
For example, the transition patterns from the 50% to 25% scenarios illustrates how the spread is operated;227
the mitigation of the number of trip arrivals within the interval 7:30:00 and 22:30:00 is associated with an228
increase within the interval higher than 22:30:00. As the number of trip arrivals associated to the 10% sce-229
nario is very low compared to the other scenarios, the corresponding number of en-route vehicles in Figure230
5 is, as a result, the highest.231
Physically, non-achieved plans can be interpreted as partial trips cancellation. Indeed, let us consider232
the following pattern: HWGWH, where H, W, G correspond to home, get/bring and work respectively. Four233
trips are necessary for shifting from an activity towards the next one. Intuitively, if a traveler loses too much234
time during the first two trips, he may cancel the second work activity to avoid the last remaining trip. But,235
in MATSim, the framework is adjusted such that the daily plans are totally applied within the simulation.236
Figure 6 highlights the additional number of en-route vehicles compared to the standard scenario. The237
observed trends show that traffic flows are "exponentially" increasing while shifting towards more extreme238
scenarios. The areas are given by the sum of the differences between the number of en-route vehicles of the239
standard scenario at each time-slot and those of the 75%, 50%, 25% and 10% scenarios. Relative increases240
(in %) from one extreme scenario to the other amount to +201.7, +687.4 and +1144.2. Thus, the traffic241
congestion is "exponentially" sensitive to the variation of river floods intensity.242
Based on the input dataset, we can find the average number of trips per person, i.e. 37,680
15,822
≈ 2.4. The243
scaled-up number of travelers is given by 15, 000× 100
4.5
= 333, 333. As the additional average trip travel time244
based on the 75% scenario is 57.50-49.50 (base case scenario) = 8.00 mins/trip, the total excess average245
trip travel time is 8.00 [mins/trip] × 2.4 [average number of trips/person] × 333,333 [number of travelers]246
= 6,399,994 mins or 106,666 hours. Similarly, the excess travel times for the 50%, 25% and 10% scenarios247


























Figure 5: Scaled-up additionnal number of en-route vehicles for extreme scenarios compared to the standard scenario based on


































































Figure 6: Comparison between the number of en-route vehicles of the standard scenario (100%) and extreme scenarios (75%,



























Figure 7: Comparison between the number of trip arrivals of the standard scenario (100%) and extreme scenarios (75%, 50%,
25% and 10%) based on time of day (in HH:MM:SS).
The results presented in Figure 8 represent the distribution of trip travel times for four different patterns:249
"other-home", "work-home", "home-other" and "home-work". We have selected those specific patterns as250
they present the most significant number of occurrences. A common trend can be observed with respect251
to the re-distribution of trip travel times. They are recategorized towards higher travel time classes when252
critical road capacities are decreasing. However, for the 10% scenario with trip travel times higher than 60253
mins (60+), the number of trips are lower. Actually, as a significant number of travelers did not achieve254
their daily plans within the available period of time (Figure 6), en-route travelers have not been categorized255
by MATSim. Thus, the number of trips with respect to that particular category is systematically smaller.256
Note that the category "60+" has systematically the highest portion of trips as it is a semi-bounded bin.257
Table 1 presents the average trip durations with respect to the different scenarios. The most important258
increase occurs when switching towards the 25% scenario. For the rest, the relative trip duration increase259
is lower. Results indicate that, for the city of Liège, the overall average trip duration is around 49.50 mins260
when considering normal traffic conditions without disruptions. In contrast, in presence of flooded areas and261
depending on the intensity, the average trip time increases moderately at first with +16.36% and +44.44%,262
then more strongly with +126.77% and 144.44%.263
Table 1: Average trip durations based on various scenarios
Scenario Average trip duration [mins] Relative increase [%]
100% 49.50 -
75% 57.50 +16.36 (-)
50% 71.50 +24.35 (+44.44)
25% 112.25 +57.00 (+126.77)

























































































Figure 8: Comparison between the number of trip arrivals of the standard scenario with full capacity (100%) and the extreme scenarios (75%, 50%, 25% and 10%) based
on time of day.
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Figure 9 presents successively the relationship in terms of traffic volumes between the extreme scenario264
cases and the standard scenario. The data points have been overlayed to enable a better understanding of265
traffic volumes variability due to floods. One could depict from Figure 9 that, compared to the standard266
scenario, the traffic volumes tend to decrease from a global perspective, with more spread. Physically, it267
means that the traffic flows are being re-distributed across all the network. In particular, traffic volumes with268
respect to standard scenario which are higher than 2500 veh/h are decreasing when critical road capacities269
are decreasing. As a result, traffic volumes lower than 2500 veh/h are re-distributed towards other road270



















































       Traffic volumes of extreme scenarios [veh/h]
Figure 9: Comparison between the traffic volumes of the standard scenario with full capacity (100%) and the extreme scenarios
(75%, 50%, 25% and 10%) based on time of day.
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5. Discussion272
In terms of policy recommendations, the results presented in Section 4 show that depending on the273
intensity of river floods, different flood risk management need to be taken. Although the 75% and 50%274
scenarios show a rather slight impact, we can observe that the shifts towards the 25% and 10% scenarios275
affect the transportation system in a much more pronounced way. Thus, two management policies can be276
defined: low impact and high impact. A particular transport geographic problem with these policies is that277
in case of intense floods, the city is divided into two areas: northwestern and southeastern with housing-job278
locations located on both sides of the river. Effective measures must be taken to prevent commuting patterns279
from being isolated from the other side.280
With respect to the transportation network, there is a need to highlight the improvements that can be281
achieved for updating the critical link capacities. In the current study, the inundation map corresponds to282
a shape file which consists in a set of polygons. Thus, the critical road segments can be intersected based283
on the inundation map using ArcGis. Although the critical links can be identified, it is more difficult to284
evaluate to which extent the link capacities should be reduced. Therefore, because of data limitations,285
we had to assume that all the critical road segments are mitigated according to the same proportions. In286
practice, this assumption could potentially lead to a slight under or over-estimation of the final outcomes.287
Indeed, the critical road segments are not necessarily impacted in the same way in terms of intensity. In288
further research, more elaborated inundation map format could be adopted such as raster file. In doing so,289
a discretized inundation map would give detailed information about flow velocity and water depth based290
on geographical coordinates. Also, to know whether a road segment is impacted or not, the transportation291
network can be coupled with a digital elevation model (DEM) in order to allow a better comparison with292
water depth. Another aspect associated to the physical meaning of the mitigated critical road segment293
capacities should also be extended in further research. For example, a critical road segment could be fully294
covered by floods while water depth is very low. In this context, vehicles can still travel through this link295
with a slower velocity. In this context, one can intuitively notice that a categorization of the critical road296
segments is more appropriate for including physical meanings. Normal road conditions are associated to297
a capacity of 100 % while a closed road is synonym of 0 % capacity. The difficulty lies in explaining the298
values in-between 0 and 100.299
Regarding the demand, we have only considered intra-urban trips in the current study. This assumption300
need to be made because of different reasons. First, external flows coming from Luxembourg, Germany301
and the Netherlands, i.e. the neighboring countries, cannot be modeled because of the lack of data. Indeed,302
the OD matrix is limited to Belgium. Then, to enable a better assessment of the impact on trip travel times,303
it is necessary to focus as much as possible on the target population, the most vulnerable to floods. The304
commune scale is the most disaggregated spatial resolution that can be considered given the data. Of course,305
the generation of activity locations based on the communes can be accompanied by some estimation errors306
in terms of trip distances as each single activity location is randomly selected based on the considered307
commune. However, this approximation is limited from an average trip travel time perspective as over-308
estimated trip lengths are probably mitigated by under-estimated trips lengths.309
6. Conclusions310
In the current study, a large scale scenario has been calibrated for assessing river floods impact on intra-311
urban travel demand using an agent-based micro-simulation approach for the city of Liège, in Belgium.312
After synthesizing the population for specific socio-demographics and residential location using HMM,313
resulting activity-travel patterns, drawn from distributions derived from the BELDAM survey, have been314
assigned to each single individual. In doing so, the travel demand can be integrated as input within the315
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MATSim framework. In parallel, the transportation network of Liège area, i.e. southeastern region of316
Belgium, has been extracted from OpenStreetMap (OSM). The two inputs are simultaneously used for317
simulating the mobility of the individuals living in Liège area. To maintain a good trade-off between318
run-time and simulation realism, a population of 4.5% has been sampled as proceeded in other studies319
(Hülsmann et al., 2014; Lämmel et al., 2010; Novosel et al., 2015). This suggested procedure presents also320
the advantage to mitigate the run-time as a lower amount of agents is processed during the simulations.321
• As outlined in Section 4, the impact on the demand associated to the 10% and 25% scenarios is322
significant, whereas the impact of the 50% and 75% scenarios is more moderate.323
• The spatial resolution adopted in the current study is acceptable to capture the changes in trip travel324
times due to river floods. One can clearly distinguish the traffic flows changes based on the considered325
the different scenarios.326
Besides, based on the monetary value of time, results stemming from MATSim can be used for assessing327
the overall economic loss due to flood risk based on any scenario. A detailed impact economic assessment328
can be considered in further analysis in order to provide policy makers with new insights in terms of flood329
risk management decision tools.330
Regarding the transport mode, we have considered only car mode while public transport, i.e. bus, might331
be impacted by flood risk. Indeed, various bus lines are situated within the inundated areas. Additional332
attributes can be added to the synthetic individuals for a further disaggregated representation of the popula-333
tion.334
In order to improve the predictive capabilities of the model, the trips performed by commuters coming335
from or going to the surroundings should be taken into account. Also, the traffic patterns associated to336
freight are of great importance in terms of impact on time losses. The latter aspects should be handled in337
further studies.338
In order to make the time losses more plausible, additional research can be oriented towards the compar-339
ison between the base case scenario and the observed traffic counts. In addition, the predicted traffic flows340
can be compared with those stemming from online platforms such as Google traffic or TomTom. In the341
context of an in-depth analysis, the overall population can be disaggregated based on socio-demographics342
or transport-related characteristics in order to assess the influence on the travel behavior.343
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Appendix A. Data labels404








7 White-collar worker (executive)
8 White-collar worker (non-executive)
9 Self-employed person
10 Liberal profession
11 Teacher
12 Farmer
13 Other
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